Abstract Variations in the abundance and distribution of pelagic tuna populations have been associated with large-scale climate indices such as the Southern Oscillation Index in the Pacific Ocean and the North Atlantic Oscillation in the Atlantic Ocean. Similarly to the Pacific and Atlantic, variability in the distribution and catch rates of tuna species have also been observed in association with the Indian Ocean Dipole (IOD), a basin-scale pattern of sea surface and subsurface temperatures that affect climate in the Indian Ocean. The environmental processes associated with the IOD that drive variability in tuna populations, however, are largely unexplored. To better understand these processes, we investigated longline catch rates of yellowfin tuna and their distributions in the western Indian Ocean in relation to IOD events, sea surface water temperatures (SST) and estimates of net primary productivity (NPP). Catch per unit effort (CPUE) was observed to be negatively correlated to the IOD with a periodicity centred around 4 years. During positive IOD events, SSTs were relatively higher, NPP was lower, CPUE decreased and catch distributions were restricted to the northern and western margins of the western Indian Ocean. During negative IOD events, lower SSTs and higher NPP were associated with increasing CPUE, particularly in the Arabian Sea and seas surrounding Madagascar, and catches expanded into central regions of the western Indian Ocean. These findings provide preliminary insights into some of the key environmental features driving the distribution of yellowfin tuna in the western Indian Ocean and associated variability in fisheries catches.
Introduction
Climatic oscillations, anomalies, and changes clearly affect many ecological processes in marine ecosystems, affecting the population abundances and distributions of many species (Sharp 1992; Stenseth et al. 2004; Tian et al. 2008) . Variations in population abundances and distributions of pelagic tuna species have been observed to be clearly linked to large-scale climate phenomena such as the El Niño Southern Oscillation (ENSO) in the Pacific Ocean (Lehodey et al. 1997; Sugimoto et al. 2001; Torres-Orozco et al. 2006 ) and the North Atlantic Oscillation in the Atlantic Ocean (Santiago 1997; Lan et al. 2011) .
In the Pacific Ocean, El Niño events are associated with a weakening of the equatorial trade winds and in association, the major currents in the basin, resulting in an easterly shift in the equatorial warm pool region. Upwelling associated with the Pacific Equatorial Divergence (PEQD) decreases, resulting in a deepening of the thermocline in the central and eastern regions of the Pacific and becomes shallower in the west. Stronger wind stresses in the western Pacific result in an increase in productivity in this region (Trenberth 1991; Folland et al. 2002; McPhaden 2004) . As a result, the distribution of warm water species of tuna such as yellowfin (Thunnus albacares) and skipjack tuna (Katsuwonus pelamis) expands into central and eastern regions of the Pacific, increasing their exposure to fisheries in this region. In addition, the depth at which yellowfin tuna have access to abundant food compresses with the shallowing of the thermocline in the west, resulting in increased vulnerability of this species to surface fisheries in this region (Lehodey et al. 1997 (Lehodey et al. , 1998 Lehodey 2004) . During La Niña, the opposite occurs with stronger trade winds pushing the warm pool region to the west and deepening the thermocline, while the PEQD increases resulting in a shallower thermocline in the central and eastern Pacific. Distributions of yellowfin and skipjack tuna are pushed further to the west and the vertical habitat of yellowfin tuna is expanded, reducing the vulnerability of the species to surface fisheries in the region (Lehodey et al. 1997 (Lehodey et al. , 1998 Lehodey 2004) .
Large-scale climate fluctuations also occur in the Indian Ocean driven by patterns of inter-annual variability in sea-surface and subsurface temperatures which result in changes in accompanying wind and precipitation anomalies (Saji et al. 1999 ). This ocean-atmosphere phenomenon, known as the Indian Ocean Dipole (IOD) is in a positive phase when an anomalous upwelling occurs along the Sumatra-Java coast, enhancing cooling of sea surface temperatures (SSTs) in the eastern Indian Ocean. This cooling couples with a westward wind anomaly along the equator, resulting in a deepening of the thermocline and warmer SSTs in the western Indian Ocean. The shift in trade winds results in decreased convection over the oceanic tropical convergence zone (OTCZ), encouraging increased rainfall to the northwest of the OTCZ and reduced wind speed and decreased rainfall in the east (Saji et al. 1999; Feng and Meyers 2003; Meyers et al. 2007) . As a result of warmer SSTs and a deeper thermocline in the west, surface primary productivity decreases in the west and increases in the east in association with upwelling and a shallower thermocline (Marsac 2008) . Some positive IOD events coincide with El Niño and similarly some negative IOD events coincide with La Niña events, resulting in the strongest SST anomalies (Yamagata et al. 2004 ), however, not all IOD events co-occur with ENSO events (Meyers et al. 2007) .
Yellowfin tuna constitute one of the major targets of industrialised fisheries in the Indian Ocean and are predominantly caught by purse seine, and longline fisheries, with smaller catches also taken by gillnet, handline and pole and line fisheries (IOTC 2009 ). Catches of yellowfin tuna were predominantly caught by Japanese, Taiwanese and Korean longline fleets until the early 1980s, when purse seine fishing using FADs was developed by French and Spanish vessels and Iranian and Sri Lankan gillnet fisheries were expanded (Miyake et al. 2004 ). More recently, catch rates have dropped from peak catches recorded in 2006 due to a reduction in the purse seine fleet, and also it is thought, due to the expansion of piracy in core fishing areas for the longline fleet (IOTC 2011). Longline catch rates suggest that yellowfin tuna are distributed in tropical waters throughout the entire Indian Ocean with no clear stock boundaries known. Catches are primarily concentrated western tropical waters, the Arabian Sea and north of the Mozambique Channel (Marsac 2001; IOTC 2011; Lan et al. 2012a, b) .
Shifts in the distribution of catches and catch rates of yellowfin tuna by the purse seine fleet in the Indian Ocean have been associated with positive IOD events (Marsac and LeBlanc 2000; Menard et al. 2007; Marsac 2008; Lan et al. 2012a) . During a positive IOD event in 1997-98, catch rates declined in the western Indian Ocean in association with a deepening of the thermocline and a reduction in surface biological productivity, which resulted in a reduction in surface schools available to the fishery. At the same time concentrations of surface schools increased to the east in association with an anomalous shallow thermocline (Marsac and LeBlanc 2000; Marsac 2008 ). However, the relationship between yellowfin tuna catches and the IOD is not entirely clear; during a positive IOD event in 2006-07, similar declines in catches were observed in the western Indian Ocean, but without a corresponding shift of the fleet to the east (Marsac 2008) .
There is therefore a need to better understand the relationships between the IOD and catch rates of yellowfin tuna in the Indian Ocean and the underlying processes associated with variability in catch rates. The purpose of this study was to firstly investigate long-term time series of IOD events and catch rates of YFT in the longline fishery in the western Indian Ocean to determine potential relationships over multi-decadal time scales. Secondly, finescale relationships between SST and estimated primary productivity and catch rates were investigated to explore the underlying processes influencing yellowfin tuna catch rates and distributions in the western Indian Ocean. Longline catches were used because of the long time period of catch data available for the fishery and data are publically available from the Indian Ocean Tuna Commission website (www.iotc.org).
Materials and methods

YFT fishery data
Long-term longline fishery catch data
Long-term longline fishery catch data in the Indian Ocean from January 1970 to December 2008 were obtained from the Indian Ocean Tuna Commission (IOTC) website (http:// www.iotc.org). These data were derived from data submitted by a number of nations to the IOTC and include both catch (species by number or weight depending on the fleet) and operational data (number of hooks and area coordinates). Because more than 95 % of longline effort in the Indian Ocean is expressed as number of individuals caught, we only included catch in numbers here. Monthly nominal CPUE was calculated as the number of individuals captured per 1000 hooks (fish/10 3 hooks).
High spatial resolution longline catch data
High spatial resolution longline catch data for the period from January 2002-December 2008 were provided by the Overseas Fisheries Development Council of Taiwan. These data comprise daily geo-referenced fishing positions (latitude and longitude), species number and weight, and fishing effort (number of hooks). Monthly nominal CPUE was calculated as the number of individuals captured per 1000 hooks.
Climatic index and environmental data
The growth and maintenance of positive and negative anomalies associated with the IOD are represented by the Dipole Modular Index (DMI), which is constructed from monthly differences between SST anomalies in the western equatorial (50°E-70°E, 10°S-10°N) and southeastern equatorial (90°E-110°E, 10S°-0°N) Indian Ocean (Saji et al. 1999 ). We used a monthly time series of the standard DMI index derived from the HadISST dataset of 1970-2008 (http://www.jamstec.go.jp/frcgc/research/d1/iod/) to identify positive and negative IOD events. The time series of DMI was detrended and constructed using the reduced space optimal interpolation technique (Kaplan et al. 1997) .
SST pathfinder monthly composites fields with a 4 km spatial resolution during the period of 2002-2008 were obtained from the National Oceanographic Data Center (http:// www.nodc.noaa.gov/). Net primary productivity (NPP) monthly estimates with 9 km resolution were obtained from the Oregon State University's Ocean Productivity Web site (http:// www.science.oregonstate.edu/ocean.productivity/) for the period January 2002-December 2008. These estimates are based on the Vertically Generalized Production Model (VGPM) developed by Behrenfeld and Falkowski (1997) , which is the standard algorithm for NPP estimation.
Standardization of nominal CPUE
Nominal CPUE values for both fishery datasets were standardized using a Generalized Linear Model (GLM) constructed in R (version 2.15.0) software. The main effects considered were temporal (year, month), spatial (longitude, latitude,) and targeting of the fleet (CPUE of bigeye tuna, CPUE of albacore), and the interactions of the main effects were also included in the model:
where CPUE is the nominal CPUE of yellowfin tuna, μ is the intercept, and ε is a normally distributed variable with a mean equal to zero. To account for zero catch values in the data, we added 0.1 fish per 1000 hooks to CPUE values (c). The model selection process for standardizing CPUE was done in a forward stepwise procedure (Table 1) . The model with the best fit was selected using the lowest Akaike information criterion (AIC). We were unable to account for potential changes in targeting methods (e.g. gear configurations) as these details were not available for the dataset used.
Longitudinal gravitational centre of the long-term fishery data
In order to better understand the spatial distribution of the fishery and variability associated, the longitudinal gravitational center of standardized CPUE (G) was estimated by the monthly longitudinal location of fishing vessels (L) and standardized CPUE (Lehodey et al. 1997) :
2.5 Time series analysis of the long-term fishery data with DMI Time series analyses are valuable tools for investigating long-term fluctuations in fish catch rates and relationships between catch rates and environmental variables. In order to account for seasonality in the DMI, we employed a state-space structural decomposition approach using MATLAB software. By so doing, a time series of DMI is decomposed into seasonal, cyclical and irregular components (Casals et al. 2002) . As we were interested in inter-annual variability, we used only the trend-cycle component in the correlation, regression, and wavelet analyses. Wavelet analysis was used to investigate relationships between the DMI and yellowfin tuna catch rates. Wavelet analysis is a common tool for analyzing time-series data and involves decomposing a time series in a time-frequency space, allowing identification of the dominant periodic components and how these components vary in time (Torrence and Compo 1998). The Morlet wavelet is the most popular complex wavelet used in practice, and is defined as:
where η is a dimensionless time parameter and w 0 is a dimensionless frequency taken to balance between the time and frequency localization. The 95 % significance level was determined based on bootstrap simulations taken as a first-order autoregressive process. The autoregression coefficient was empirically obtained from the time series data. Crosswavelet coherence (Grinsted et al. 2004) and phase analyses were then used to investigate causal relationships between the DMI and catch rates. Free MATLAB software to carry out this decomposition is available from the E 4 team (http://www.ucm.es/info/icae/e4/).
2.6 Statistical models for spatial predictions of high spatial resolution fishery data
We used Generalized Additive Models (GAMs) to predict spatial patterns of potential yellowfin tuna habitat from relationships determined between SSTs, NPP and fine-scale longline catches. GAMs were constructed in R (version 2.15.0) software, using the gam function of the mgcv package (Wood 2006), with standardized CPUE as the response variable with year, month, longitude, latitude, SST, NPP and DMI as predictor variables. The GAM can be written as:
where CPUE is the CPUE of the high spatial resolution longline catch data, a 0 is the model constant, and s n is a smoothing function for each of the model covariates x n (Wood 2006). To account for zero catch values in the data, we added 0.1 fish per 1000 hooks to CPUE values (c).
The model with the best fit was selected using a stepwise procedure and based on the lowest the residual deviance and AIC. The selected GAM models were then used to estimate the relative density of yellowfin tuna across the Indian Ocean under varying SST, NPP and IOD events.
Results
Temporal variations and spatial distributions of yellowfin tuna CPUE and the longitudinal gravity centre
Standardized CPUE during the period 1970-2008 varied 4.57-5.96 fish/10 3 hooks in the first half of the year (January to June) during positive IOD events (Fig. 1d) to 5.86 to 7.91 fish/10 3 hooks during negative events. Increases in CPUE occurred in particular in the Arabian Sea and regions around Madagascar (Fig. 1b) . The longitudinal gravitational centre of standardized CPUE (G) varied considerably on an inter-annual basis and at similar amplitude to the DMI (Fig. 2) . During positive IOD events, such as in 1991, 1995 and 2007, the fleet extended its activities to as far east as 70°E in the first half year, but moved west to 50°E during negative events (1992, 1996, and 2004-2006) .
Time series analysis
Spatial distributions of standardized CPUE (Fig. 1a) showed that high CPUE values were mainly concentrated in the west and the north Indian Ocean (30°N-25°S, 40°E-60°E), and expanded into to the east (30°N-25°S, 40°E-80°E) during negative IOD events (Fig. 1b) . Given that most of the variability in CPUE occurred in the region of 30°N-25°S, 40°E-80°E, we restricted further investigations of relationships between the DMI and yellowfin tuna catch rates to this region. Using a state-space time series analysis, a single decomposition procedure effectively removed seasonality from the time series data of the DMI dataset (Fig. 3a) . Wavelet analysis identified a significant negative correlation between standardized CPUE and the DMI with periodicities centred around 4 years ( Fig. 3b) , suggesting that during positive IOD events standardized CPUE is reduced and during negative IOD events standardized CPUE increases. (Fig. 4a, b) . During 2007, NPP >300 mg C/m 2 /d was largely restricted to regions in the northern Indian Ocean, while in 2004, areas of high NPP extended into equatorial regions to the south and west (Fig. 4c, d ).
All variables included in the GAM selection process were significant (p<0.01) ( Table 2 ). The cumulative deviance explained by the selected GAM model was 38.6. Almost half of the explained deviance was associated with longitude and DMI, resulting in the largest change in AIC values. Values of CPUE increased in the western Indian Ocean at 40°E-75°E during negative IOD events (Fig. 5a, d ) and was associated with SSTs of 26-29.5°C and NPP of 220-380 mg C/m 2 /d (Fig. 5b, c) . Spatial distributions of SST and NPP values identified in the GAM indicate that potential fishing grounds with high CPUE values occurred in the Arabian Sea, central Indian Ocean, and regions around Madagascar in during the negative IOD event in 2004 (Fig. 6a) . During (Fig. 6b) 
Discussion
The results of this study show that temporal and spatial distributions of yellowfin tuna longline catches are linked to climatic oscillations in the Indian Ocean of periodicities centred around 4 years. Catch rates increased in association with decreases in SSTs and increases in NPP during negative IOD events from January to June in the western Indian Ocean and decreased in association with increases in SSTs and decreases in NPP during positive IOD events. Catch rates of yellowfin tuna in the purse seine fishery have also been observed to increase (decrease) with negative (positive) IOD events (Marsac and LeBlanc 2000; Menard et al. 2007; Marsac 2008) and suggest that variations in catches observed in this study are consistent across fisheries for yellowfin tuna in the western Indian Ocean. Warm and cold events in the western Indian Ocean induced by the IOD drive changes in the marine environment such as primary production and the mixed-layer depth with consequences for tuna abundances (Corbineau et al. 2008; Marsac 2008) . The cool, steady, and strong southwestern monsoon associated with negative IOD events generates extensive coastal upwelling over the margin of continental areas in the northwestern Indian Ocean, driving an increase in primary production which would be expected to have flow-on effects on higher order productivity in the region (Menard et al. 2007; Corbineau et al. 2008) . The shallowing of the thermocline, restricts the vertical distribution of enhanced productivity to surface layers (Murtugudde et al. 1999; Marsac 2008) . During positive IOD events, shifting trade winds increase convergence in the west reducing wind speeds and convection resulting in a general warming of surface temperature, a reduction of coastal upwelling and lower productivity. The deepening of the thermocline further disperses productivity into subsurface layers (Saji et al. 1999; Marsac 2008 ). In the 2007 positive IOD event, water temperatures were relatively high (>29.5°C) in areas with low NPP (< 220 mg C/m 2 /d) in the western Indian Ocean, including the southern Arabian Sea and the entire central Indian Ocean. During the 1997-98 positive IOD event primary productivity decreased on the order of 30 % in the northwestern Indian Ocean, largely due to reduced vertical mixing and a lower flux of nutrients into surface layers as a result of the deepening of the thermocline (Sarma 2006) .
Our results suggest that high catch rates of yellowfin tuna are associated with the SSTs of 26-29.5°C in the Indian Ocean and NPP of 220-380 mg C/m 2 /d. High catches mostly did not occur in areas with the highest NPP values, but more so in areas with stable NPP values, suggesting that shifts in the distribution of the longline fleet might be more highly influenced by thermal habitat rather than productivity per se. The short temporal response of yellowfin longline catches to changes in the IOD also suggests that habitat variability may contribute to distributions and therefore catches of yellowfin more so than productivity (Menard et al. 2007 ). Yellowfin tuna occur primarily in waters where surface temperatures range 20-30°C, although have been observed to occur in waters down to 15°C in low numbers (Sund et al. 1981) . Similar water temperatures limit their vertical distribution, with fish predominantly distributed in the upper 200 m of the water column (Sund et al. 1981; Block et al. 1997; Brill et al. 1999; Schaefer et al. 2007 ). Temperature appears to dictate the distribution of yellowfin tuna in all regions except the eastern Pacific Ocean (EPO) where both temperature and oxygen concentrations contribute to form a cold hypoxic environment, restricting the distribution of most tunas and billfish (Prince and Goodyear 2006) . Changes in the vertical distribution of available habitat to yellowfin tuna associated with ENSO have been observed to influence the availability of individuals to fisheries in the Pacific Ocean (Lehodey et al. 2011) . During El Niño, as the depth of the thermocline deepens and the available vertical habitat for yellowfin increases, the availability of fish to fisheries decreases. The revese occurs during La Niña as the thermocline shoals and the available habitat for yellowfin tuna compresses, resulting in increased vulnerability of individuals to surface fisheries (Lehodey et al. 2011) . It is likely that similar changes in the depth of the thermal habitat available to yellowfin tuna are driving changes in catches in the western Indian Ocean in association with IOD events. As the thermocline shoals and increased productivity is limited to surface waters during negative IOD events, the depth at which yellowfin tuna have access to abundant food and thermal habitat compresses, increasing their susceptibility to fisheries. Then as thermal habitat increases both horizontally and vertically and surface productivity decreases during positive IOD events yellowfin tuna disperse reducing their availability to fisheries in the region (Menard et al. 2007; Marsac 2008) .
Interestingly, shifts in the gravitational center during very weak positive IOD events (1999~2001) were observed to be on the order of those occurring during very strong positive IOD events (1997~1999). This suggests that there may be other factors influencing the spatial distribution of the CPUE including changing fleet dynamics and further unknown and complex changes in the physical and biological systems of the Indian Ocean not investigated here. Further investigations including in particular fishing gear configurations and targeting strategies (where available) will provide further insights into factors influencing the spatial distribution of CPUE in the Indian Ocean.
Conclusions and remarks
Using longline fishery and marine environmental data, we found that distributions and catches of YFT were sensitive to climatic and marine environmental variations in the Indian Ocean. A significant negative coherence between the DMI and CPUE values with a periodicity centred around 4 years was observed. Our results suggest that high SST (>29.5°C) combined with low NPP (< 220 mg C/m 2 /d) during positive IOD events are associated with decreased CPUE in the western Indian Ocean, whereas lower SST and high NPP are associated with increased CPUE in negative IOD events, especially in the Arabian Sea and around Madagascar.
This study provides preliminary insights into some of the key environmental features driving the distribution of yellowfin tuna in the western Indian Ocean and associated variability in fisheries catches. However, there are still gaps in understanding the processes associated with IOD events driving the distribution of yellowfin, particularly in terms of changes in productivity of the western equatorial Indian Ocean, and connections with areas outside of the western equatorial Indian Ocean. Similarly, what effect IOD events might have on spawning migration and recruitment throughout the region are unknown. What impact lagged processes, particularly biological lags might have on tuna populations and associated catches are largely unexplored. In addition, fluctuations in tuna populations might not simply be determined by any single environmental factor, but rather might be influenced by non-linear combinations of several factors including changes in fishing effort, targeting practices and fleet dynamics (Hsieh et al. 2008) . Including aspects of fishing behaviour will be an important next step in conducting more comprehensive investigations into the influence of climate variability on tuna fisheries. Finally, the associations between SST and NPP and catch rates presented here are qualitative and only based on single comparisons. The time series of fine scale longline fishing data (6 years) and the periodicity that the IOD occurs at (~4 years) means that relationship cannot be explored further and quantified. As a result, it is not clear that patterns and relationships observed are consistent across the IOD cycle. Longer time series will be crucial for exploring the robustness of relationships identified here. Torrence C, Compo GP (1998) 
